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Bayesian nets in IhU article, but the following 
fragments Illustrate the use of B ayes nets and 
supporting structures In place of scripts. 

Figure 2 illustrates a aimplified OA generating Bayes 
net. The network was built as a roughly physiologic 
model of the development of OA, assuming that 
cartilaginous deformities and destruction cause joint 
tpiice narrowing, accompanied by sclerosis and 
subchondral cyst formation (not shown), and leading 
to gross deformities and loss of mobility. Pain is a 
variable feature, but probably must be present In a 
test case (otherwise, how would the doctor** attention 
be drawn to the joint?). The mild narrowing state of 
me joint space node 2s defined by a Set containing 
one Condition, EXHIBITS the Specific Finding, mild 


GO 


Joint space narrowing, which is Itself defined Its t 
joint space of 4 to 6 mm for the knoc The stage 1 
state of the osteoarthritis stage node Is rimilurty 
defined by a Set containing one Condition, HAS mild 
OA- The conditional probability tables for this node 
are arranged so that certain combinations of jolm 
space nanowiiig and deformity define mild OA* Other 
combinations may define other stages, or be declared 
Impossible (e,g« severe deformity without joint space 
narrowing might be impossible In this context). 

Two Interesting benefits of this approach arc first, 
that wc can ase a single Bayes net to describe all five 
wages of OA, and second, through the logical magic 
of Bayes theorem, we can now Invert a Bayes net 
built from a perspective of classifying stages of OA, 
and use it to generate descriptions of OA* We assert 
thai the patient HAS any stage of OA, update 
probabilities throughout the network, and start 
stochastically assigning Slates to Indeterminate nodes. 
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With each assignment, we write new Information to 
the simulation, eg. that the patient EXHIBITS mild 
joint space narrowing. We can test the Bayes net by 
experimenting with it from both pervpectives, eg. 
beginning with an assumption of cartilage damage 10 
*cc what stage of OA results, or beginning wiih OA 
to see what other findings result. 

Bayes nets supporting Leads to struct ures are 
conceptually very similar to Health Siate generating 
Bayes nets, with only two Important differences. 
Fust, the Conditions usually describe risk factors for 
slower or more rapid progression, rather than features 
of a disease. For instance, an OA Lead To Is likely 
to ask whether the patient HAS Obesity, or to assert 
that the patieni is EXPOSED TO some remedy. 
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Second, Ac goal of the Lead to structure is to produce 
a rate of progression , which Is oot specified 
anywhere else !a ihc sLinalatioa. (In contrast, (ho 
Health State generator his * goal of creating t 
description consistent with an Asserted disease). 

Figure 3 Illustrates a Baycs net that could produce ft 
repon when an* examinee requests & Revealing x-ray 
test. The only simulation data used In this report is 
the joint space, a value indirectly modified by the 
Bayes net In figure 2. Now we have a continuous 
Bayes node acquiring its value from a Condition that 
extracts the current joint space from the simulation. 
Note that there are no requests to determine whether 
any Specific Findings or Health Slates arc present 
Revealing queries should therefore be reusable across 
xlmuladons. Also, the accuracy of the test can be 
built Into the Bayes net representing that test 
Another test, such as a magnetic resonance Image, 
could have difTcrcrU *ke errors. 
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Subjective queries art much more complex, but still 
possible to construct fusing the same approach. The 
primary coraplicatioa is that subjective responses are 
uniquely elaborate in temporal detail, yielding 
statements «uch as. "the pain has been coming and 
going for weeks, but now It Is worse than ever/ 

' Management Plan critiques are similar to Reveals, . 
except that most of the Condidons Inspect 
prescriptions and queries made by the examinee, and 
the resulting report Is a crideue of a physicians' 
strategy. Our experience to date confirms the 
expectation that Bayes nets support inferences about 
actions and plans. 6 
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disorders. In the injury network an acute insult _ 
evolves to cither recovery or a chronic condition with 
a later recovery. Injury n ^ 0 ^^!* !^ wo * 
infectious diseases and trauma. The addicuon network 
illustrates that a person may abstain from, use. abuse, 
or become addicted to a substance. In the scheme 
shown here, a previously addicted person can only be 
addicted or recovering, but can not return to 

abstinence, use or abuse The surgical ^«^ 0 " 
overlay illustrates that new states can be added to the 
above networks using irreversible therap.es such as 
radiation or surgery. Domain experts adapted these 
networks to their needs by eliminating unwanted 
nodes and arcs, or replacing nodes with another 
network. 

Domain experts began with a primary ^ a 
Network to sketch the diseases defining their domain, 
such as stages of diabetes mellitus. Pan»»« 
Networks of comorbid conditions were identified in 
most domains, typically including risk factors for 
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How The Knowledge Development Process Will Work 
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following issues: 
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Pirate parallel networks describing disease evol ution in various medical domains y > 

or tiralth 1 


Script a knowledge base using 
based on the generated parallel networks 


belief networks and/or causal probabilistic networks and 
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Initiate a model patient from the scnpted knowledge base and display one or 
non-normal health states of the model patient. ^ . 
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more 


Input, by the user, one or more 
non-normal health states. 


courses of action to address the one or more 
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Evolve the model patient basal on the generated parallel networks and the user input 
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Evaluate whether the model patient evolved per the user's courses of action 
within the accepted norms of medical practice. 
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" Providing decision variables including possible courses of action and uUhty 
variables including health states or medical domains m parallel networks. 
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Generate a decision network based on the belief networks or ^V^^ , 
networks, the decision variables, and the utility vanables to determme an 

optimum treatment. ^ ■ 1 
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Comparing the optimum treatment to the course(s) of action inputted by tne use, . 




•ill* 


Evaluate the user's inputted course(s) of action based on the coinp^risonto^ 
determine whether the user's recommended treatment conforms to the norms of 


medical practice. 
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Receive patient data for a n actual patient byuser input. 
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Instantiate a virtual patient having characteristics consistent with the received patient 
data and based, at least in part on belief networks describmg health stale evoluUon 


Generate a query for a specific medical finding concerning the actual patient, or a course 
of action based, at least in part on the virtual patient 


Receive the specific medical finding from the user responsive to the query. 


Evolve the model in accordance with the belief networks and any received specific 

medical finding. 



>- 
a- 

O 
O 

tSOk 


Figure 27 


\ 



